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Abstract: Global change modifies vegetation composition in grasslands with shifts in plant functional
types (PFT). Although changes in plant community composition imply changes in soil function,
this relationship is not well understood. We investigated the relative importance of environmental
(climatic, management and soil) variables and plant functional diversity (PFT composition and
interactions) on soil activity and fertility along a climatic gradient. We collected samples of soil and
PFT biomass (grasses, legumes, and non-legume forbs) in six extensively managed grasslands along
a climatic gradient in the Northern Iberian Peninsula. Variation Partitioning Analysis showed that
abiotic and management variables explained most of the global variability (96.5%) in soil activity and
fertility; soil moisture and grazer type being the best predictors. PFT diversity accounted for 27% of
the total variability, mostly in interaction with environmental factors. Diversity-Interaction models
applied on each response variable revealed that PFT-evenness and pairwise interactions affected
particularly the nitrogen cycle, enhancing microbial biomass nitrogen, dissolved organic nitrogen,
total nitrogen, urease, phosphatase, and nitrification potential. Thus, soil activity and fertility were
not only regulated by environmental variables, but also enhanced by PFT diversity. We underline
that climate change-induced shifts in vegetation composition can alter greenhouse gas—related soil
processes and eventually the feedback of the soil to the atmosphere.
Keywords: extensively managed grasslands; soil enzyme activity; soil microbial biomass; soil fertility;
plant community composition; Northern Iberian Peninsula
1. Introduction
Rangelands, including natural and semi-natural grasslands, are among the largest ecosystems
in the world [1] representing 26% of the global land surface area [2]. They provide a wide range
of ecosystem services: livestock feed, soil carbon sequestration, preservation and enhancement of
water quality, soil protection, and species conservation [3,4]. Grasslands are also among the most
endangered ecosystems in the world [5], being highly vulnerable to global change factors, both land
use (intensification or abandonment) and climate (warming and/or drought) changes. Changes in
climate, land use, and management intensity alter plant community composition of grasslands [6–8].
Particularly, as a response to climate warming, shifts in the balance between forbs and sedges have
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been reported in mountain grassland ecosystems [9], and an increasing shrub encroachment was
observed as a result of both climate change [10] and grazing abandonment [11].
Soil functions in grasslands, particularly in mountain areas, are expected to be highly affected by
climate change [12], manifested by significant inter- and intra-annual variability in precipitation and
temperature [13]. Such fluctuations could have drastic effects on soil activity and fertility—including
microbial biomass, nitrification, and enzyme activity—and microbial communities, through changes
in organic matter quality and supply from biomass, soil temperature, and soil hydrology [14].
Microbial biomass structures the soil and converts soil organic matter into nutrients available for
plant uptake [15,16]. Since microbial biomass carbon and nitrogen (MBC and MBN, respectively) are
regulated by soil moisture and temperature [17,18], any changes in these abiotic factors (warming
and/or drought) can alter nutrient release as well as soil activity and fertility. Nitrification, in turn,
is one of the key microbiological processes in the soil nitrogen (N) cycle which, in part, controls the
form and availability of inorganic N, and hence determines ecosystem productivity [19]. Together
with denitrification, it is also involved in processes of N-turnover and consequently nitrous oxide
(N2O) production and emissions from soils [20]. Nitrification and denitrification processes are
regulated mainly by temperature, soil moisture, input rates, and quality of plant residues, as well as
C availability [21,22]. Subsequently, it is essential to assess the potential and rates of de/nitrification
because any alteration of the underlying processes can have serious consequences on N2O emissions
and thus on the feedback of the soil to the atmosphere. Enzyme activity (e.g., phosphatase, glucosidase,
urease) is another important soil activity because it controls the availability of nutrients such as carbon,
nitrogen and phosphorus, and the rate at which they are produced in the soil for microbial assimilation,
which eventually also controls plant growth [23–25]. Because enzyme activity is highly sensitive to
temperature and soil moisture, and because it is controlled by the quantity and activity of microbial
biomass [26,27], any changes in abiotic factors and microbial biomass can have major consequences on
nutrient availability and plant growth.
Besides climatic factors, soil functions are also affected by plant diversity [17,22], because plants
determine the quantity and the quality of residues, soil organic matter, as well as soil structure [28].
Plant functional redundancy ensures community stability and maintains ecosystem functioning,
including soil function and structure, in grasslands [29–31]. Thus, changes in plant community
structure and composition may imply changes in soil function and structure [10,11,28]. Plant functional
types (PFTs) have proved to be a useful tool for predicting soil processes related to the carbon (C),
nitrogen (N), and phosphorus (P) cycles [32–34]. Additionally, a number of diversity models have
been used to investigate the plant diversity effects on ecosystem processes [35–37] including the
Diversity-Interaction Model [36,38,39]. The Diversity-Interaction Model improves the ability to address
the effects of species richness, evenness and composition, separately, on ecosystem function and thus
provides a better insight on the important aspects of the biodiversity—ecosystem function relationship.
For instance, transgressive overyielding occurs when a mixed community has greater functioning than
the best monoculture [39].
These models aim at providing a deeper understanding of the mechanisms behind the effects
of plant diversity on ecosystem function, including soil processes and the feedbacks of plant-soil
interactions. Several studies found that plant diversity effects on soil processes are driven by
climate [40–42]. The relative contribution of climatic factors and PFT composition in the regulation of
soil activity and fertility is however less well understood. Grasslands distributed along altitudinal
gradients are characterized by strong shifts in climate across relatively close-by geographical areas.
They thus provide ideal conditions to study the PFT diversity—climate effects on ecosystem processes.
The important role of temperature and soil moisture on soil processes is widely recognized,
however, less is known about the role of local factors, particularly plant functional type diversity
on soil activity. In order to disentangle the relative effects of large-scale climatic and management
factors from the effects of PFT diversity factors on soil activity and fertility, in this study we ask the
following questions: (i) are climatic factors the main drivers of soil activity and fertility across a wide
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environmental gradient?; (ii) are soil activity and fertility driven by PFT diversity factors in addition of
other abiotic environmental factors?; (iii) are PFT diversity effects on soil fertility and activity modified
by climatic and/or management effects, that is, is there an interaction between climatic/management
and PFT diversity factors? Our hypotheses are: Due to the important role of temperature and soil
moisture on soil processes, we hypothesize that (Hyp1) soil activity and fertility are driven by climatic
factors, in particular those are enhanced in cool and wet compared to warm and dry grasslands.
Because plants exert a strong influence on the belowground system, we hypothesize that (Hyp2) PFT
diversity modifies soil activity and fertility in addition to climate and management factors. Finally,
while several studies suggest that plant diversity effects on soil processes are driven by climate [40–42],
we expect the climatic, management, and soil variables to modify the relationship between PFTs and
soil activity and fertility (Hyp3).
2. Materials and Methods
2.1. Site Description
The six study sites are located in the Northern Iberian Peninsula along a climatic gradient
(Figure 1), ranging from semi-arid up to alpine grasslands with a low-intensity seasonal grazing.
The six locations (Mongerillo, Alguaire, Besora, La Bertolina, Castellar de n’Hug, Niu de l’Àliga)
have different climatic conditions, varying from warm continental in the low-altitude sites, to cold
temperate conditions in the high-altitude sites, and different management conditions (climatic and
management characteristics are summarized in Table 1). The climatic data were obtained from local
climatic atlases [24–27], at a spatial resolution of 200 m per site. The choice of the climatic data
presented in Table 1 was based on their relationship with temperature and soil moisture, which are
known to be the main drivers of soil processes [17,43–45]. Most studied grasslands could be included
within the phytosociological alliance Festuco-Brometea, including Brachypodietalia phoenicoidis in the
lowland dry locations, and Brometalia erecti in the montane locations. Most of the studied grasslands
are part of the phytosociological alliance Festuco-Brometea, including Brachypodietalia phoenicoidis
in the lowland arid locations, and Brometalia erecti in the montane locations. At higher altitudes, we
could find representatives of all the alliances. In the lowland, representatives of other alliances of arid
grasslands were sometimes mixed with Brachypodietalia phoenicoidis [46,47].
All the grassland sites are dominated by grasses and forbs, including legumes and non-legumes.
In Monegrillo (MON) and Alguaire (ALG), however, legumes were not dominant. ALG and MON are
dominated by Plantago lanceolata L. and Papaver rhoeas L. Besora (BES) is dominated by Plantago
lanceolata L. and Bromus hordeaceus L. La Bertolina (BERT) is dominated by Festuca arundinacea
Schreb. and Trifolium repens L. Castellar de n’Hug (CAST) is dominated by Festuca nigrescens Lam.
and Carex caryophyllea Latourr. Niu de l’Àliga (NIU) is dominated by Festuca nigrescens L. and
Carex caryophyllea Latour. The percentage cover and thus the dominance of a species were visually
estimated in all the study sites.
For assessing management regimes at the study sites, we conducted detailed surveys among
farmers, shepherds, and land managers to confirm grazing management in the sampled areas. Grazing
intensity was determined as livestock stocking rates measured as livestock unit per hectare (LU ha−1).
Our study sites were all characterized by moderate grazing intensity. The difference in management
between the study sites lied in the grazer type, therefore the latter was the only management variable
considered in the study. Grazer type was categorized into three main types: sheep, cattle, and mixed
grazing. Mixed grazing included associations comprising big and small livestock, mainly sheep and
cattle, and more rarely horses (in NIU).
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Figure 1. Location of the six study sites: MON (Monegrillo), ALG (Alguaire), BES (Besora), BERT (La
Bertolina), CAST (Castellar de n’Hug), and NIU (Niu de l’Àliga). The borders in the map represent the
limit between Catalonia and Aragón. The spatial scale of the map is 1:2,000,000 and the resolution of
the raster surface is 930 m.
Table 1. General climatic and management characterization of the six study sites: Alguaire (ALG),
Monegrillo (MON), Besora (BES), La Bertolina (BERT); Niu de l’Àliga (NIU).
Variables ALG MON BES BERT CAST NIU
Latitude 41◦43′46,60” 41◦39′45,62” 42◦1′13,07” 42◦5′57,33” 42◦18′18,84” 42◦19′18,91”
Longitude 0◦31′30” −1◦37′22,15” 1◦36′23,48” 1◦39′48,63” 2◦1′57,58” 1◦54′4,47”
Altitude (m) 334 657 712 1276 1850 2479
MAP (mm) 421.4 225.2 720.5 954.8 1199 1302
MAT (◦C) 13.9 12.6 11.7 8.7 5.4 2.4
Lang’s index 30.32 17.87 61.58 109.75 222.04 542.5
MST (◦C) 22.8 23 20 18.2 15.3 13.8
MSP (mm) 95.7 93.8 237.5 465.2 319.1 278.8
MTmin (◦C) 0 1 0 −1 −5 −7
MTmax (◦C) 28 28 25 24 23 22
TSIS 8.7 8.6 8.2 7.8 7.3 7.4
pH 8.57 ± 0.1 8.46 ± 0.01 6.77 ± 0.19 6.87 ± 0.06 6.02 ± 0.32 6.1 ± 0.15
Soil moisture (%) 5 ± 1 18 ± 2 17 ± 2 11 ± 1 42 ± 2 34 ± 2
Grazer type Sheep Sheep Cattle Cattle Cattle, sheep Cattle,horses
Grasses (%) 12–98 7–99 18–75 6–95 37–97 16.3–86
Forbs (%) 0.2–88 0–93 19–79 0–77 2.6–62 6.5–81
Legumes (%) 0–0.4 0–0.2 0.1–48 1.2–74 0–45 0–44
MAP = mean annual precipitation; MAT = mean annual air temperature; Lang’s rain factor index (1920) to determine
the aridity of a site (arid, humid, and wet): the lower the index the more arid the site; MST = mean summer
air temperature (average daily air temperature of the 3 meteorological months of the summer: June, July, and
August), MSP = mean summer precipitation; MTmin = mean annual minimum air temperature; MTmax = mean
annual maximum air temperature; TSIS = Temperature Seasonality Index of Sebastià (TSIS = MST −MAT) as in
Rodríguez et al. 2020 [45], informing about how high summer temperatures are compared with those throughout
the year; high TSIS values include both extreme continental climates with cold winters and hot summers, as well as
high mountain alpine climates with very chilly winters, and mild summers. Values of TSIS and pH refer to mean ±
standard deviation. The presented values for grasses, forbs, and legumes refer to minimum and maximum values.
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2.2. Study Design
We sampled soil and vegetation from six grassland sites along a climatic and altitudinal gradient
(334 to 2479 m a.s.l.) in the Northern Iberian Peninsula. The sampling was carried out in 2014 for the six
study sites, at above-ground peak season live biomass of vegetation, when there is the maximum live
biomass and vegetation activity (May in the semi-arid and montane sites, and June in the subalpine and
alpines sites). The sampling points were spread over a grid on the grassland, covering an area of about
50–70 m radius, with a minimum distance of 2 m between one another (Figure S1 in Supplementary
Materials). Within this grid, we selected patches where a given plant functional type was visually
abundant. The fact that in all patches there was a representation of the main PFTs provided an array of
proportions for each PFT, facilitating modelling. The sampling points represent the typically dominant
plant functional types (PFT) in these grasslands—grasses, legumes, and non-legume forbs—with three
replicates per PFT. In total, we sampled nine points in each study site by placing cylinders (height
= 8 cm; diameter = 25 cm) 3 cm deep into the ground. In ALG and MON, we placed six cylinders
(grasses and forbs) only because legumes were rare at the peak of vegetation growth. To analyze
aboveground biomass, we cut the vegetation inside each cylinder at ground level. For soil analyses,
we extracted soil cores of approximately 250 g from the upper soil layer (0–10 cm), without the litter, in
each cylinder. Both soil and vegetation samples were extracted from the same cylinders, hence we
collected a total of nine vegetation and nine soil samples from each study site, except for ALG and
MON where we had six sampling points for each. We placed all collected samples in a dark cooling
portable refrigerator to preserve them until arrival to the laboratory.
2.3. Vegetation and Soil Analyses
Once in the laboratory, we separated the vegetation samples into plant functional types, and
into live and dead biomass components. We placed the samples in the oven at 60 ◦C for 48 h to
obtain the dry weight of each PFT, and we calculated afterwards the relative contribution of each PFT
component per sample. We then calculated PFT pairwise interaction effects (effects emerging from
positive, negative or neutral interactions between every pair of PFTs), based on Kirwan et al. 2007 [36]:
Pi Pj. For a community strongly dominated by one PFT, at least one of the p values in each Pi Pj pair
will be small so its evenness will be close to zero. We also calculated PFT evenness (assuming that
all PFT interactions have similar effects).through the mean interaction diversity term (ek) according
to Kirwan et al. 2007 [36]: ek = (2s/s − 1)
s∑
i
Pi Pj, which lies between 0 for monocultures and 1 for
a community in which all PFTs are equally represented. The multiplier (2s/(s − 1)) is introduced to
ensure that the values of ek lie between 0 and 1. Pi is the sown relative abundance of the ith PFT and s
refers to the number of PFTs in a community.
Soil fertility variables included the variables related to nutrients in the soil: dissolved organic
carbon (DOC), dissolved organic nitrogen (DON), nitrification potential, ammonium, nitrate, and total
N. Soil activity variables involved soil enzyme activities: β-glucosidase, phosphatase, and urease.
Ammonium and nitrate pools were determined in 2M KCl extractions by a segmented flow analyzer
AA3 (Braun+Luebbe, Norderstedt, Germany) and microbial biomass C and N (MBC and MBN,
respectively), DOC and DON), and nitrification potential as described in San Emeterio et al. 2016 [48].
Soil moisture was measured by the gravimetric method according to Black 1965 [49]. Soil enzyme
activities, which reflect soil activity, were determined in homogenized and sieved (2 mm) soils. We
measured β- glucosidase and acid phosphatase activities using a 96-well microplate approach [50,51],
based on p-nitrophenol release after breaking up a synthetic substrate (p-nitrophenyl glucoside and
p-nitrophenyl phosphate, respectively) and following San Emeterio et al. 2016 [48]. We measured urease
activity following the method by Kandeler and Gerber 1988 [52], modified by Rodríguez-Loinaz et al.
2008 [53].
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2.4. Data Analysis
2.4.1. Gradient Analysis and Variation Partitioning
In order to investigate the effect of climatic, management, conditions, and plant functional diversity
variables on global soil fertility and activity, we performed direct gradient analysis using Redundancy
Analysis (RDA). The soil activity and fertility variables investigated were: total nitrogen, nitrate,
ammonium, nitrification potential, urease, phosphatase, glucosidase, microbial biomass nitrogen
(MBN), microbial biomass carbon (MBC), DON, and DOC. We also applied Variation Partitioning
(VP) analysis and calculated the proportion of variability in soil activity and fertility explained by
each set of variables separately (climatic and management factors, and soil descriptors versus PFT
diversity factors) and their shared explained variation. We tested conditional and simple term effects
of the two groups of variables: environmental (climatic, management and soil), and plant functional
diversity variables, with forward selection of each set of variables and associated Monte Carlo tests of
significance. We also generated adjusted p-values estimates calculated by using the false discovery rate
(FDR) method for protection against Type I error inflation. We used CANOCO 5 for all the analyses [54].
The explanatory sets initially included all the variables recorded in the study: (a) environmental
(climatic, management, and soil descriptors) variables: mean annual air temperature (MAT), mean
annual precipitation (MAP), mean annual minimum air temperature (MTmin), mean annual maximum
air temperature (MTmax), mean summer air temperature (MST), mean summer precipitation (MSP),
the Temperature Seasonality Index of Sebastià (TSIS = MST −MAT; see Table 1), as in Rodríguez et al.
2020 [55], grazer type (represented through two dummy variables, sheep grazing and cattle grazing),
and pH and moisture determined for each sampled soil; (b) plant functional diversity variables: PFT
evenness, biomass proportion of grasses, legume, and non-legume forbs (thereupon, legumes and
forbs), and the pairwise interactions between the three plant PFTs. We did not have enough degrees of
freedom to reliably include interactions between PFT diversity components and other environmental
variables in our redundancy analysis. Therefore, only the main effects of PFT diversity variables could
be tested in the RDA. We also tested the effects of site and mixed grazing, but they were not significant
and thus were not included in later analyses.
Forward selection of the explanatory variables and significance values calculated using
Monte-Carlo permutation tests in a preliminary RDA also advised the reduction of climatic, management
and soil variables to a smaller set of six variables: MTmin, TSIS, cattle grazing and sheep grazing, and
soil pH and moisture. The same procedure suggested the removal of evenness from the PFT diversity
variables, as species pairwise interactions was a stronger predictor, indicating that not all interactions
between different PFT behave similarly.
2.4.2. Generalized Diversity-Interaction (GDI) Models
In addition to multivariate mathematical ordination methods providing a global evaluation of
controls of soil activity and fertility, described above, we conducted an investigation of each individual
soil activity and fertility analyzed variable. In order to disentangle the effects of environmental
(climatic, management, and soil), and plant functional diversity variables on individual soil activity
and fertility variables, we used linear models based on the generalized diversity-interaction (GDI)
modelling framework [39]. Following Kirwan et al. [36,38], we aimed at investigating the effects of
PFT diversity factors on soil function variables, assessing: identity effects (effects imputable to each
PFT individually, per se); PFT pairwise interaction effects (effects emerging from positive, negative, or
neutral interactions between every pair of PFTs); and PFT evenness (assuming that all PFT interactions
have similar effects). The GDI approach allows the discrimination of those different PFT diversity
component effects [36,38]. We also included in our GDI models large-scale and site-specific soil
factors to disentangle relative effects of those from PFT components. All explanatory variables were
standardized by scaling the variables to zero mean and unit variance, prior to being included in the
models. The standardization was conducted using the method “standardize” in the package “vegan”
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in R [56]. We also assessed the correlation between the explanatory variables (Figure S2). In our case,
however, collinearity was less important than overlooking a key explanatory variable, because the
benefit of having meaningful explanatory variables in the model is higher than the disadvantage
of collinearity. We accepted the variables in the model even when they were correlated, and used
two criteria to evaluate the validity of the model: 1) According to Heiberger and Holland 2004 [57],
collinearity is tolerable when a model’s regression coefficients differ significantly from 0 (p-value < 0.05)
This was true for most of our explanatory variables. Additionally, we used the Akaike information
criterion (AIC)—a lower AIC indicates a better fit of the model. With the backward stepwise regression,
variables were dismissed when they did not improve the model fit. The strength of the AIC criterion
lies in the fact that it penalizes the inclusion of additional variables in the model if they do not provide
an appreciable improvement of the model fit (for more details see Symonds and Moussalli 2011 [58]).
Our modeling framework included the comparison of four models, for each response variable of
interest investigated. The first model, the null model, included only environmental variables, with
no PFT diversity variables. The second model included environmental variables and the proportions
of each plant functional type representing the PFT identity effects. The third model included the
environmental variables, the PFT identity effects and all the pairwise interactions between plant
functional types. PFT pairwise interactions were calculated as in Kirwan et al. 2007 [36]. The fourth
and last model included the environmental variables, the PFT identity effects and the mean interaction
diversity term (ek), corresponding to PFT evenness calculated as in Kirwan et al. 2007 [36]. We chose
the best fitted model using F tests and the Akaike information criterion (AIC). The lower the level of
AIC the better the model fit. All the selected models had a p-value < 0.05. Once the final diversity
model for each analyzed variable was selected, we performed a backwards stepwise regression to
select the climatic variables. The interactions between MTmin and PFT diversity variables were also
included in the models. Generalized Diversity-Interaction models were carried out using the linear
regression model “lm” function in R software [59]. In order to provide a better representation of the
PFT diversity effects on each soil activity and fertility response variable, we built contour plots to
represent on a triangle (ternary plots), where sides are the proportion of each main PFT, the soil activity
and fertility functions in relation to the relative proportions of PFTs which sum to a total value of 1.
The contour plots were built using the packages: “rsm” [60], “lattice” [61], “lme4” [62], “arm” [63],
and RcolorBrewer” [64] of R software [59].
3. Results
3.1. Relative Importance of Environmental Variables and Plant Functional Diversity on Soil Activity and
Fertility
Variation partitioning showed that, from all explained variability, the highest variability was
explained by the abiotic environmental variables and management (96.6% of all variation). PFT
diversity components explained 26.9% of the variation of the global soil fertility and activity functions.
However, most of the PFT effects were mediated by abiotic variables and management (Figure 2),
and unique effects of plant functional diversity on global soil activity and fertility (3.4%) were small
compared to the shared variation (Figure 2).
Redundancy analysis on soil activity and fertility variables including all predictors (environmental
and plant functional diversity variables) showed that large-scale variables and soil descriptors
accounted for 81.3% of the total variability of soil activity, of which soil moisture was the best predictor
(added 73% to explanatory power), followed by pH and grazer type (Table 2). PFT diversity variables
accounted for 7.4% of the variability of soil activity and fertility, of which the pairwise interaction
between forbs and grasses was the first variable selected by the forward procedure and added 4.9%
to the overall explanatory power. PFT pairwise interactions were stronger predictors than the main
effects (Table 2). From those, the effects of grasses were the most relevant (Table 2). Sheep grazing was
a stronger driver of soil activity and fertility patterns than cattle grazing, and thus was used in the
generalized diversity-interaction models.
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Figure 2. Distribution of the explained variation of the two sets of variables. Environmental variables
(climatic, management and soil variables): mean minimum air temperature (MTmin), Temperature
seasonality index of Sebastià (TSIS = mean summer air temperature—mean annual air temperature),
pH, moisture, sheep and cattle grazing. Plant functional diversity variables: Forb, Grass, Legume;
forb-grass (FG), forb-legume (FL), and grass-legume (GL) pairwise interactions.
Table 2. Conditional and simple term effects of the Redundancy Analysis (RDA) analyses. The %
explained shows the percentage of variability explained by each variable. The explanatory variables
include environmental (climatic, management and soil) and plant functional diversity variables: FG
= pairwise interactions of forbs and grasses; FL = pairwise interactions of forbs and legumes; GL
= pairwise interactions of grasses and legumes; MTmin = mean annual minimum air temperature.
Conditional term effects refer to the unique effects of each set of variables unlike the simple effects,
which refer to the simple marginal effects of each set of variables.
Variable
Conditional Term Effects Simple Term Effects
% Explained F Padj % Explained F Padj
Large-scale climatic and management factors
MTmin 0.3 0.7 n.s. 57.9 63.2 <0.001
TSIS 0.4 1 n.s. 69.3 104 <0.001
Sheep grazing 2 4.9 0.06 0.5 0.2 n.s.
Cattle grazing 0.1 0.3 n.s. 34.6 24.3 <0.001
Site-specific soil factors
Moisture 73 124 0.001 73 124 <0.001
pH 2.8 6.4 <0.05 58.5 65 <0.001
PFT main effects
Grass 0.8 2.1 n.s. 0.4 0.2 n.s.
Forb 0.7 1.7 n.s. 1.4 0.6 n.s.
Legume 0.2 0.4 n.s. 0.8 0.4 n.s.
PFT interactions
FG 4.9 10 <0.01 8.9 4.5 0.08
FL 0.6 1.5 n.s. 0.6 0.3 n.s.
GL 0.2 0.6 n.s. 5.2 2.5 n.s.
Overall, the RDA axis 1 roughly corresponds to a climatic gradient, where pH increases in the
same direction as air temperature and TSIS (negative side of RDA axis 1), and soil moisture increases in
the opposite direction, towards the cold and moist areas (positive side of RDA axis 1; Figure 3). Total
N, ammonium, MBC, MBN, DOC, DON, and phosphatase activity increased with soil moisture, but
decreased with increased MTmin and TSIS, and soil pH (Figure 3). TSIS emerged as a strong driver of
soil organic carbon distribution [45], and showed relevant explanatory power for other soil function
variables. On the other hand, nitrate and potential nitrification decreased with soil moisture. The
second RDA axis corresponds mostly to a grazing management gradient (sheep vs. cattle), combined
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with a grass-forb (legume and non-legume) gradient. Glucosidase activity increased with sheep
grazing and grass proportion (positive side of RDA axis 2), whereas urease activity increased with
cattle-grazing, legume proportion, and pairwise interactions, particularly those involving legumes
(Figure 3).
Figure 3. RDA ordination diagram showing the relationship between soil activity and fertility, and
selected environmental factors in six grassland sites in the northern part of the Iberian Peninsula.
Bold arrows with an empty arrowhead represent explanatory variables: environmental (climatic,
management and soil): Temperature seasonality index of Sebastià (TSIS); mean minimum air
temperature (MTmin) and plant functional diversity variables: FG (pairwise interactions between
forbs and grasses); FL (pairwise interactions between forbs and legumes); GL (pairwise interactions
between grasses and legumes). Thinner arrows and in italics represent soil activity and fertility response
variables: dissolved organic carbon (DOC); dissolved organic nitrogen (DON); total nitrogen (Total N),
microbial biomass carbon (MBC); microbial biomass nitrogen (MBN). The first (x) and second (y) axes
explained 84.75% and 0.54% of the total variance, respectively. The adjusted explained variation (Radj.)
of the RDA model was 81.4%. The arrow length and direction correspond to the variance that can be
explained by the environmental (climatic, soil and management) variables. The direction of an arrow
indicates an increasing magnitude of the variable. The perpendicular distance between orders and
environmental variable axes in the plot reflects their correlations. The smaller the distance, the stronger
the correlation. Grazer type is a categorical variable so we removed the arrow and substituted it by
an X.
3.2. Plant Functional Diversity Effects on Soil Activity and Fertility
The individual analysis in soil activity and fertility functions by GDI models was useful to
fine-tune the understanding of the observed effects of environmental and PFT diversity factors on
Agronomy 2020, 10, 1291 10 of 20
global soil function. Nitrate, Ammonium, DOC, MBC, and glucosidase were described by abiotic and
management parameters, and unrelated to plant functional diversity parameters. Microbial biomass
nitrogen (MBN), dissolved organic nitrogen (DON), and phosphatase were best described by including
all the pairwise interactions between PFTs to account for the diversity effects (Table 3). For soil activity
variables particularly related to the nitrogen cycle (total N, urease, and nitrification potential), the
diversity effects were explained by the mean interaction diversity term, known as evenness (Ek).
For instance, urease activity and soil total N significantly increased with plant function type evenness
(p = 0.0095 for urease activity; p = 0.025 for soil total N). Nitrification potential showed a tendency to
increase with increased evenness (p = 0.06). Total nitrogen in relatively even legume-forb mixtures
was higher than in other PFT combinations and decreased when grass proportion increased (Figure 4).
In fact, total N showed generally higher values near the centroids of the ternary plots compared to
main PFT identity effects (Figure 4). Microbial biomass nitrogen (MBN) was the only soil parameter
affected by diversity effects in interaction with climatic variables (Table 3). MBN increased at increased
evenness levels and, particularly, at (more even) pairwise interactions involving grasses, but this effect
was higher at lower mean minimum air temperature. The second model involving environmental
variables and PFT identity effects only was not significant for any of the soil activity and fertility
variables, and thus was not included.
Table 3. Best fitted Generalized diversity-interaction models for soil activity and fertility parameters
(response variables). The explanatory variables include climatic variables: MTmax = mean annual
maximum air temperature; MAP = mean annual precipitation; MTmin = mean annual minimum air
temperature; MST = mean summer air temperature; management variables: Cattle and sheep grazers;
and plant functional type diversity variables: G = Grass, L = Legume, F = Forb; FG = forb-grass, GL =
grass-legume and FL = forb-legume pairwise interactions; Ek = evenness. For more information on the
coefficients of the explanatory variables, see Table S1 in Supplementary Materials.
Soil Parameter Model Adjusted r2 p-Value
Model 1. Only environmental variables included
Nitrate (+) MTmax *** (+) Cattle ** 0.38 <0.001
Ammonium (−) MTmax *** (−) MAP+ (+) Sheep *** (+) Cattle 0.84 <0.001
DOC (+) MTmax ** (−) MTmin *** (+) MAP ** + (1) Sheep*** (+) Cattle *** 0.79 <0.001
MBC (−) MTmax *** (+) MTmin * (−) MAP * (+) Sheep *** 0.75 <0.001
Glucosidase (+) MTmax * (−) MTmin (+) MAP+ (+) Cattle+ 0.17 <0.05
Model 3. Environmental variables + PFT identity
effects + PFT pairwise interactions
MBN
(+) MTmin *** (−) MTmax *** (−) MAP ** (+) Sheep
*** (−) G (−) F (−) L (+) FG *(−) GL (+) FL (−)
MTmin:G * (−) MTmin:F+ (−) MTmin:L
0.88 <0.001
DON (+) MTmin *** (−) MST ** (+) Sheep *** (−) G (−) F
+
(−) L (+) FG (+) GL ** (+) FL 0.60 <0.001
Phosphatase (−) MTmin *** (+) Sheep ** (−) G (−) F
+ (−) L (+) FG
*** (−) GL (+) FL 0.63 <0.001
Model 4. Environmental variables + PFT identity
effects + evenness
Total N (−) MTmin *** (−) MST ** (+) Sheep *** (−) G (−) F(−) L (+) Ek *
0.84 <0.001
Urease (+) MTmin ** (+) MTmax *** (−) MST
+ (−) Sheep ***




(+) MTmin *** (+) MTmax *** (−) Sheep *** (−) G+
(−) F (−) L (+) Ek+
0.78 <0.001
*** p < 0.001; ** p < 0.01; * p < 0.05.
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4. Discussion
Climate change affects ecosystem processes directly through changes in temperature, precipitation,
etc., or indirectly through shifts in plant functional diversity, community composition and functional
traits [42]. Classen et al. 2015 [42] hypothesized that indirect effects of climate change on microbes
mediated through plants may be stronger than direct effects of climate on shaping microbial community
composition and function. However, our findings suggest the contrary since direct effects of climate
on soil activity and fertility were stronger than indirect effects (Figure 2).
In line with our first hypothesis, climate had a huge direct impact on soil fertility and activity.
Soil activity and fertility were best explained by environmental variables, including large-scale factors
(climate and management), and site-specific soil descriptors (moisture and pH), followed by the shared
effects of these two sets of variables with PFT diversity variables (Figure 2). Additionally, when
modelled independently, all soil fertility and activity variables responded significantly to climatic
variables (Table 2). The combined effects of environmental and plant functional diversity variables
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had overall a strong regulating power on soil functions, while the unique effects of plant functional
diversity were small compared to the shared variation with environmental variables (Figure 2). This
suggests that climate and other abiotic environmental variables have a strong capacity to modify
how PFT interactions affect ecosystem functioning. However, when we considered soil activity and
fertility factors independently, PFT evenness and pairwise interactions enhanced soil variables that are
related to the N cycle (Table 3; Figure 4). The regulatory role of PFT diversity was consistent across
the studied climatic gradient independently of abiotic environmental conditions and management
variables (Table 3). Removing one of the climatic or PFT diversity variables led, however, to a dramatic
loss in explanatory power underlining that although there are no interaction effects, both are essential
for soil functioning.
4.1. Environmental Drivers of Soil Activity and Fertility
Soil moisture, air temperature, and pH are known to be main drivers of a wide range of soil
processes [17,43–45]. Indeed, our results showed that soil moisture enhanced total N, ammonium,
C and N microbial biomass, DOC and DON, and phosphatase activity, while air temperature and pH
reduced the same soil variables (Figure 3). The positive effect of soil moisture on C and N microbial
biomass and total N was also observed by Yang et al. 2016 [65] in shrublands and meadows, because
increased soil water content enhances the plant organic matter quality by increasing its decomposition
rates, and as a result more N is available in the soil [18,66]. As for ammonium, its positive correlation
with soil moisture, as observed by Mueller et al. 2013 [67], can be attributed to the positive impact
of soil moisture on organic matter mineralization [68], which is converted into inorganic forms of
nitrogen, such as ammonium [69]. Our findings on phosphatase activity also agree with previous
studies advocating that soil moisture is a key factor regulating P in the soil [70,71], and controlling
microbial activity [26,72]. Higher temperatures generally increase microbial and enzyme activity,
as well as mineralization. However, our results showed the reverse trend (Figure 3). This is most
likely attributed to the fact that the warmest sites in our study are also the driest ones. Dry soil
conditions may have inhibited the effect of temperature on mineralization, microbial biomass, and soil
phosphatase activity [17,73].
The temperature gradient correlated well with the soil pH gradient: the warm semi-arid sites
were alkaline compared to the acidic cold subalpine and alpine sites. It is well known that soil pH
regulates soil bacterial composition, diversity and richness [44,74] and thus soil activity and fertility
parameters, as shown in Figure 3. Changes in pH influence the relative abundance of Acidobacteria,
Actinobacteria, and Bacteroidetes and the phylogenetic structure of bacterial communities [74]. This
can eventually impact the soil enzyme activity, which is strongly correlated with bacterial community
activity [71]. Similarly, DOC and DON production can also be enhanced by high temperatures when
soil moisture is not limiting [75,76]. High temperatures favor plant growth and litter production
while soil moisture enhances and supports DOC and DON transport in the soil horizons [77–79].
Therefore, the combination of high temperature with limiting soil moisture conditions in the semi-arid
grassland sites reduces plant growth, thus reducing or even inhibiting DOC and DON production.
Nitrate and nitrification potential were the only soil activity and fertility indices which decreased
with soil moisture (Figure 3). Sites with high soil moisture (subalpine and alpine) are characterized
by low temperatures, which limit these soil processes and thus explain this decreasing trend of
nitrification potential and nitrate with higher soil moisture levels. Among the environmental drivers,
soil moisture and temperature are regarded as the most important factors for nitrification processes,
and nitrate uptake and concentrations [80,81]. Additionally, the lower nitrification potential and nitrate
in subalpine and alpine grasslands may be attributed to the low pH in these grasslands (acidic soils),
where soil nitrification is restricted to chemolitho-autotrophic bacteria as the main nitrifying agents [82],
and is thus lower than in alkaline soils. Overall, our results highlight the importance of pH and the
interplay between temperature and soil moisture, and stress that the effect of each factor cannot be
separated from the other when investigating soil activity processes. This is most likely attributed to
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the strong correlation between these climatic variables, as observed in our correlation analyses (Figure
S2 in Supplementary Materials).
Soil enzymatic activities, such as glucosidase and urease, are indicators of soil organic matter
quality [83,84], which control the availability of nutrients such as carbon, nitrogen and phosphorus,
and the rate at which they are produced in the soil for microbial assimilation [23–25]. Plants have
a strong influence on enzyme activity because they regulate the quantity and quality of microbial
biomass [26,27]. Grazers, on the other hand, exert strong effects on the plant-soil system through their
impacts on vegetation composition, soil microbial communities and enzyme activities [85,86]. Indeed,
our results showed the importance of grazers, and to a lesser extent plant functional types, as main
drivers of glucosidase and urease activities. The effect of PFTs on soil activity and fertility is most
likely the consequence of the feeding habits of the grazers. For example, Sebastià et al. 2008 [87] found
that sheep grazing favored the dominance of grasses at local scales because of their high selecting
feeding behavior, particularly their selection of legumes. In our case, glucosidase activity increased in
grasslands grazed by sheep and dominated by grasses. Grass communities and sheep grazing enhance
plant litter quantity and quality, a main component of glucosidase activity to produce glucose [88].
Compared to sheep, our results showed a smaller impact of cattle on vegetation, as similarly observed
by Hao and He 2019 [89]. The observed effect of cattle grazing on DOC, Nitrate, and pH, in our case,
was not associated with plant functional diversity (Table 3). This is most likely related to the trampling
effect of cattle, on soil nitrogen availability, soil water content, and bulk density [90].
4.2. Plant Functional Diversity Effects on Soil Activity and Fertility
Beside the above mentioned factors, soil activity and fertility are also affected by plant
diversity [17,18,22], because plants determine the quantity and the quality of residues, soil organic
matter, as well as soil structure [28,91]. Indeed, and according to our second hypothesis, PFT diversity
factors had significant effects on soil fertility and activity. This result is remarkable considering the
wide climatic gradient encompassed in this study, which could have overridden all other sources of
variability. When considering the multivariate space generated by the ensemble of those variables,
PFT diversity explained up to one fourth of the total variability. In addition, when modelling the
soil variables independently, PFT diversity factors contributed to more than 50% of the soil fertility
and diversity variables analysed (6 out of 11 soil variables), particularly those related to the N cycle
(Table 3).
Plant functional diversity effects, in addition to environmental effects, were observed on MBN,
DON, total N, urease and phosphatase, and nitrification potential (Table 3 and Figure 4). Several
studies investigated the role of vegetation composition in soil microbial N and C. Some detected no
change in MBN and MBC with functional group diversity [22,92], while others suggest that PFT and
particularly legumes with their important effect on total nitrogen play a great role in shaping soil
microbial communities [93,94]. We found that the interaction between grasses and forbs enhanced MBN
and phosphatase activity, but PFT diversity had no effect on MBC (Table 3). However, in an alternative
model, the interaction between forbs and grasses increased MBC (p = 0.04), and legumes in sites with
lower MTmin (alpine and subalpine sites) showed a tendency to increase MBC (p = 0.08) compared
to warmer sites. The increased MBN and, marginally, MBC related to the interaction between forbs
and grasses is most likely the result of the higher quantity and variety of plant-derived compounds
available to microbial communities at higher PFT diversity [95]. Additionally, among all the soil
functions that we assessed, MBN was the only one affected by the interaction between climate and
PFT. Particularly, low mean minimum air temperatures favored MBN in patches dominated by grasses
and those dominated by forbs (Table 3). This may be attributed to the high sensitivity of microbial
biomass contents to changes in the climate and environmental conditions compared to soil enzyme
activities [96]. Additionally, the increased plant productivity as a result of higher diversity (higher
evenness levels involving grasses and forbs) can explain the observed increase in DON (Table 3),
because it would lead to higher soil organic matter and consequently increased organic N pools [97] and
Agronomy 2020, 10, 1291 14 of 20
thus greater DON production. Grasses are suggested to induce higher microbial biomass compared to
other PFTs, because of their dense root system and high root exudation rates [98,99]. Legumes, in turn,
favor organic N sources compared to other PFTs, due to their effectiveness in transferring amino acids
between nodules and roots [100], and to their facilitation of N to grasses [101,102]. This may explain
why the interaction between legumes and grasses enhanced DON.
Plant functional diversity also enhanced total nitrogen, nitrification potential, and urease (Table 3).
Our findings are in line with previous studies suggesting that more even plant communities increase
bacterial abundance, which consequently enhances the potential for bacterial nitrification [100].
Additionally, this positive effect of functional diversity on total N and urease activity can be explained
by the positive effect of evenness and PFT pairwise interactions on productivity and nitrogen
availability [22,23]. In fact, increased community aboveground biomass as a result of increased
diversity leads to higher soil water retention, and higher litter and soil nutrient content, which are
closely associated with urease activity [22,103]. The latter is a key enzyme strongly linked to the
processes of nitrogen transformation and availability in the soil [104,105].
The strong influence of PFT composition and interactions on more than 50% of the analyzed
soil activity and fertility variables suggests that any shifts in vegetation composition in grasslands,
for instance under future climate change, can have serious effects on the feedback of the soil to the
atmosphere. As greenhouse gas exchange processes mainly occur in the soil, they strongly depend
on soil microbial biomass, carbon and nitrogen content and availability, and enzyme activities. Our
results presented a rather complex answer to our third question which is why we can neither fully
reject nor accept our third hypothesis. When considering the overall variability of the hyperspace
generated by the entire set of soil fertility and activity variables, tested by multivariate analysis, our
third hypothesis was corroborated (Figure 2). Certainly, almost all of this multivariate soil variability
explained by PFT diversity factors was modified by climatic and management factors (high overlap
between both set of variables in Figure 2). That is, PFT diversity factors accounted for over one fourth
of the overall variability of soil fertility and activity, but mostly conditioned by other environmental
variables. In contrast, when analyzing the soil fertility and diversity variables where PFT diversity
was significant, only one out of six of variables showed interaction effects with a climatic variable
(Table 3)—in which case we would reject our third hypothesis.
5. Conclusions
Overall, we found that total variability of global soil activity and fertility were better explained
by climate, management and soil conditions, followed by the combined effects of those with plant
functional diversity variables. The unique effects of plant functional diversity were, however, small
compared to the interaction effects, thus suggesting that PFT diversity effects cannot be separated
from climatic effects on soil activity and fertility. Among the soil conditions, soil moisture was the
best predictor. Grazer type and its effect on the vegetation (composition, structure, canopy, litter
accumulation, soil cover, etc.) also were important factors influencing soil activity. This highlights
the relative importance of management as a driver of soil activity, suggesting that management can
modify global change effects on soil activity.
Beside the strong variation imprinted on soil activity and fertility by large-scale and site-specific
factors, there is a set of soil activity and fertility variables for which PFT evenness and pairwise
interactions are strong regulators. In particular, PFT diversity enhanced MBN, DON, total N, urease
and phosphatase activity, and nitrification potential and thus strongly affected the N cycle.
Our findings underline that shifts in vegetation composition (from climate or land-use change)
can modify soil activity and fertility, and consequently the soil and belowground community feedback
to the atmosphere. Assessing greenhouse gas emissions from grasslands under different climatic,
management, and soil conditions may offer an important planning tool to determine mitigation
strategies under a climate change perspective and to preserve the unique ecosystems of grasslands.
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